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Single cell RNA-seq (scRNA-seq) over specified time periods has been widely 26 used to dissect the cell populations during mammalian embryogenesis. 27
Integrating such scRNA-seq data from different developmental stages and from 28 different laboratories is critical to comprehensively define and understand the 29 molecular dynamics and systematically reconstruct the lineage trajectories. Here, 30
we describe a novel algorithm to integrate heterogenous temporal scRNA-seq 31 datasets and to preserve the global developmental trajectories. We applied this 32 algorithm and approach to integrate 3,387 single cells from seven heterogenous 33 temporal scRNA-seq datasets, and reconstructed the cell atlas of early mouse 34
Introduction
40
Single cell RNA-seq provides unprecedented opportunities to study the complex 41 cellular dynamics during the entire embryonic developmental process by profiling 42 the transcriptomes of single cells, from the zygote to the postnatal stage [1] [2] [3] [4] [5] [6] [7] [8] [9] . 43
Due to the heterogeneity of underlying cell populations, separate studies usually 44 focus on specific embryonic regions or subpopulations of cells that express 45 specific gene markers, during a relatively narrow developmental window (e.g. 46 several embryonic days). Such temporal scRNA-seq datasets are usually 47 characterized by large variance between time points during the developmental 48 process [10] . While each study discovers the states and cell types within a 49 specific developmental context, the integration of the scRNA-seq data from 50 independent studies will allow us to systematically reconstruct the temporal and 51 spatial developmental trajectory, and comprehensively understand the entire 52 developmental process. 53
54
One of the major technical challenges of joint analysis of multiple scRNA-seq 55 datasets is that the scRNA-seq dataset generated at different times, by different 56 laboratories, and/or using different experimental procedures, result in strong 57 batch effects, where the gene expression difference between batches are as 58 significant as that between distinct cell populations [11] [12] [13] . Thus, the biological 59 variation in the joint scRNA-seq datasets from different studies is confounded by 60 the data source. Although methods such as surrogate variable analysis [14] and 61 RUV [15] have been widely used to correct the batch effects in analyzing the bulk 62 RNA-seq data, Haghverdi et We first tested the performance of batch correction of scNCA on both balanced 137 and imbalanced synthetic temporal scRNA-seq data with three lineages, three 138 batches and five time points (Fig S2C and Fig 2C) Having demonstrated the superior performance of scNCA using synthetic 168 datasets, we continued to investigate its performance using two real imbalanced 169 temporal scRNA-seq datasets. We first used scNCA to integrate two scRNA-seq 170 datasets of mouse early embryonic development [1, 2] . Although tsBET showed 171 that there was no significant batch effects in each of the DDRTree view, we 172 found that the scRNA-seq dataset integrated by scNCA formed a clear 173 bifurcation into two distinct lineages, trophectoderm (TE) and inner cell mass 174 (ICM), as evidenced by the Sox2/Cdx2 ratio of blastocyst cells (Fig S4) . In the 175 uncorrected and data corrected by mnnCorrect, the TE and ICM lineages were 176 not separated. While in the data corrected by Seurat alignment, the TE and ICM 177 did separate, the blastocyst cells from Deng et al. dataset (red dots in Fig S4B) showed not only that the cells from different studies were well mixed ( Fig 3A) but 199 also a clear gradient of cells from early (blue cells in Fig 3B) to late stages (red 200 cells in Fig 3B) . The DDRTree view produced by uncorrected data and the data 201 corrected by mnnCorrect had clear clustering of cells from the same studies 202 (batches) (Fig 3A) . Similar to scNCA, Seurat alignment also mixed the cells well, 203 but the gradient of the developmental stages was lost (Fig 3B) . Indeed, the 204 tsBET analysis showed that there was no significant batch effects in the data 205 integrated by scNCA (tsBET p-value=0.312), while the batch effects in the 206 uncorrected data, and the data corrected using mnnCorrect and Seurat 207 alignment were significant (tsBET p-value < 1e-10) (Fig 3D) . 208
209
Close examination of the data integrated by scNCA, we found that the cardiac 210 muscle marker, Tnnt2, was highly expressed on the right side of the DDRTree 211 view (Fig 4A) , along with left ventricle marker, Myl2, and the outflow tract marker, 212
Isl1 (Fig S5A and S5B ). In contrast, the Tnnt2-high populations in the data 213 corrected by Seurat alignment were distributed at distant branches, suggesting 214 the failure of merging related cardiac cells (Fig S5C) . Previous studies showed 215 that the Nkx2-5 + cells at E7.75 give rise to endothelial and smooth muscle cells in 216 the E9.5 mouse heart[27]. Thus, we examined the Nkx2-5-EYFP + cells at E7.75 217 and the cells of whole heart tissues at E9.5 on the DDRTree view ( Fig 4B and  218   S5D ). We hypothesized that overall distance between E7.75 Nkx2-5 + (progenitor) 219 cells and E9.5 (differentiated) cardiac cells should be relatively close to each 220 other on well-integrated data. Indeed, the overall distance between each Nkx2-221
5
+ cell and its nearest E9.5 cardiac cell on the DDRTree view produced by 222 scNCA was significantly smaller than that produced by uncorrected, and data 223 corrected by mnnCorrect and Seurat alignment (Fig 4C) . Taken together, these 224 results based on visual inspection, statistical test of batch effects (tsBET) and the 225 biological facts consistently suggested that scNCA demonstrated superior 226 performance on the integration of the imbalanced temporal scRNA-seq datasets 227 focused on early cardiovascular development in the mouse. 228
229
The Etv2 downstream target gene, Ebf1, promotes endothelial development 230
We examined the expression of Etv2-EYFP + cells and the known hemato-231 endothelial markers and we identified branches of endothelial and hematopoietic 232 lineages on the integrated cardiovascular developmental datasets (Fig 5A and  233 
Fig S6). We further found that among 78 transcriptional factors that have Etv2 234
ChIP-seq binding sites within a 5-kb region surrounding their transcriptional start 235 sites, the Early B-Cell Factor 1 (Ebf1) had one of the highest expression levels in 236 the endothelial branch compared with the hematopoietic branch ( Fig 5B and  237 
5C)[28]. Ebf1 has been previously shown to control B cell differentiation and 238
expressed in the cardiopharyngeal mesoderm [29, 30] . However, the functional 239 role of Ebf1 in early mesodermal development remains unclear. First, we 240 observed that the Ebf1 gene harbored an evolutionary conserved Etv2 binding 241 motif in the upstream region (Fig S7A) . Using qPCR analysis and Doxycycline-242 inducible HA-tagged Etv2 ES/EB system, we observed increased expression of 243
Ebf1 following the induction of Etv2 relative to uninduced EBs (Fig 5D) . Next, our 244 transcriptional assays using the 0.5kb Ebf1 promoter-reporter construct revealed 245 that Etv2 potently transactivated the Ebf1 promoter in a dose-dependent fashion. 246
Mutagenesis of the Etv2 binding motif resulted in abolishment of the 247 transcriptional activity (Fig 5E) . The gel-shift assays further confirmed that Etv2 248 could bind to the Ebf1 promoter containing the Etv2 recognition sequence (Fig  249 5F ). total number of cells = 900 (Fig S2C) . For the imbalanced data where each 319 batch only had a subset of lineages, we assumed that batch had 100 cells from 320 lineage A and B, respectively, batch had 100 cells each of three lineages, and 321 batch had 100 cells from lineage B and C, resulting in total number of cells 322 = 700 (Fig 2C) . 323
324
The simulation of temporal scRNA-seq datasets followed three basic 325 assumptions: (1) the developmental trajectories could be represented within a -326 dimensional biological subspace. (2) We assumed that all lineages arose from 327 the same progenitors and differentiated toward different directions. Thus, to 328 simulate the developmental trajectory of any lineage ℎ ∈ {1, ⋯ , } , we used the 329 origin of the -dimensional space as the starting point, we randomly selected 330 another point in the -dimensional space as the terminal point, and drew a 331 lineage segment (a line segment) that connected the origin and the terminal point. 332
This lineage segment therefore represented the developmental trajectory of 333 lineage ℎ on the -dimensional biological subspace. (3) The developmental 334 speed was constant. Thus, the each lineage segment was evenly split into 335 parts, where each part was associate with the time index from 1 to . To 336 simulate the cells of lineage ℎ from time ∈ {1, ⋯ , }, we randomly drew points 337 from the lineage segments that corresponded to lineage ℎ from time on the -338 dimensional space. Note that for balanced data, the points were drawn from the 339 entire lineage segments, while for the imbalanced data, the points could only be 340 drawn from the lineage segments covered by the corresponding time period. 341
Then to simulate high-dimensional gene expression, the -dimensional points 342 were projected to -dimensional space by a randomly Gaussian matrix. Similar 343 to Haghverdi et al., the batch effects were incorporated by generating a Gaussian 344 random vector for each batch and adding it to the gene expression matrix [12] . 345 346
The context likelihood 347
We used the context likelihood to estimate the likelihood of the Euclidean 348 distance (F for a particular pair of cells and from batch ( where ( and F are the z-scores of (F from the marginal distributions (Fig S1A) . For each batch ∈ {1, ⋯ , }, we learnt a × linear transformation : of the 368 input space : , so that in the transformed space : : , neighboring cells with high 369 context likelihood would be as close as possible (Fig 1A) . The was the number 370 of low dimensions used for scNCA and we used = 5 throughout this study. 371
Specifically, we defined a probability (F (*) as the probability of cell as the 372 neighbor of cell in the transformed space at time , and (F (*) could be computed 373 as a softmax over Euclidean distances in the transformed space: 374 The choice of the size of the local branching structure mainly depended on the 410 size of the dataset. In this study, we used = 100 for the synthetic data (900 411 and 700 cells for balanced and imbalanced data, respectively) and the 412 cardiovascular development data (3,387 cells). We used = 20 for the mouse 413 preimplantation embryonic development data, which had a relatively smaller size 414 of 354 cells. 415
416
Processing of scRNA-seq data 417
The raw reads of the public datasets used in this study were downloaded from 418 Then, we used the trendVar function in the scran package to fit a mean-variance 427 trend model using endogenous genes. The highly variable genes (HVGs) with a 428 false discovery rate of 5% or less were used for the integration analysis. There 429 were 2,617 and 4,904 HVGs for the mouse preimplantation embryonic data, and 430 the mouse cardiovascular development data, respectively. For the analysis of 431 uncorrected data, scNCA or mnnCorrect ( =20), the remaining data were then 432 scaled through a cosine normalization, due to its robustness to technical 433 differences in sequencing depth and capture efficiency between batches[12]. For 434
Seurat alignment, we used the raw read counts of HVGs as the input, followed by 435 the internal normalization and scaling (NormalizeData and ScaleData 436 implemented in the Seurat package). A CCA (canonical component analysis) 437
was performed on the resulting data (RunCCA with num.cc=5), followed by the 438 subspace alignment (AlignSubspace) [13] . 439 440
Isolation of Nkx2-5-EYFP + single cells 441
Nkx2-5-EYFP embryos were harvested from time mated females at embryonic 442 day (E)7.75 or E8.25 and screened using microscopy for EYFP expression [27] . 
Luciferase assays 488
The Ebf1 promoter region (0.5kb) and its mutant harboring the Ets binding site 489 
Embryonic stem (ES) cell culture and Embryoid body (EB) differentiation 502
Doxycycline-mediated Etv2-and Ebf-overexpressing mouse embryonic stem 503 (mES) cells were generated using an inducible cassette exchange strategy. mES 504 cells were differentiated into embryoid bodies (EBs) using mesodermal 505 differentiation media containing, 15% FBS (Foundation ES Cell serum), 1× 506 penicillin/streptomycin, 1× GlutaMAX (Gibco), 50 μg/ml Fe-saturated transferrin, 507 450 mM monothioglycerol, 50 μg/ml ascorbic acid in IMDM (Invitrogen) using the 508 shaking method. Doxycycline was added between D2-D4 after initiation of 509 differentiation and harvested for the respective experiments. 510 511
Fluorescence-activated cell sorting (FACS) and analysis 512
Differentiating embryoid bodies were dissociated using 0.25% trypsin and single 513 cell suspension were used for FACS staining. The antibodies used for FACS 514 include: Ebf1-PE (BD Biosciences, 565494), Flk1-PECy7 (BD Biosciences, 515 561259), Tie2-PE (eBiosciences, 12-5987-82), and CD31-APC (eBiosciences, 516 17-0311-82). Stained cells were sorted and analyzed using a FACSAria machine 517 and the data were processed using FlowJo software version 10.3. 518
519
RNA isolation and qPCR 520
Flk1-FACS sorted cells, or the whole EB cells were lysed in RLT lysis buffer and 521 total RNA was isolated using RNeasy kit (Qiagen) according to the 522 manufacturer's protocol. cDNA was synthesized using SuperScript IV VILO kit 523 
